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Abstract

As more private firms participate in public projects aiming to increase their profits by
adjusting operational strategies, there has been an increasing demand for structural
identification in the operational phase. In this paper, we propose a framework for
finding the optimal profit of toll highways over a five-year part of the operating period.
Toll rates are adjusted using the updated safety condition of highway bridges as a
constraint on the optimization task. The safety constraint explicitly reflects the
requirement on the traffic volume based on the reserve capacity of bridges. The
framework includes the following three steps. First, structural identification is carried
out to identify parameter values of the bridge involved in the highway project. Then the
reserve capacity under the relevant limit state is calculated based on the requirements

of bridge design codes. The last step is to investigate the effects of reserve capacity on
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the optimal operating profit. This framework is applied to a highway flyover project in
Singapore. The optimal operating profit based on quantified reserve capacity increases
compared to the case without information about reserve capacity. Also, the finding
shows that the optimal profit will increase with the increases in values for the reserve

capacity until the safety constraint is no longer critical.
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1. Introduction

from the public sector to construct, own, and operate the civil infrastructure that is
stated in the concession contract. After a period of time, the firm transfers ownership
to the government [1], [2]. Since this scheme allows the government to provide public
facilities without using public funds, this type of project financing is popular around
the world. According to the China Public-Private Partnerships Center under the
Ministry of Finance, 13,554 PPP projects were registered nationwide with a total
investment of § 2.3 trillion by the end of June 2017 [3] (all values in this paper are in
US dollars).

While the primary objective of a project owned by a government agency is to
maximize the benefits for users, for example, congestion control [4], [5] and
environment improvement [6], [7]), a private operator aims to increase its economic
gains as much as possible within the contractual requirements [8]. In the context of
highways and bridges, the profit-maximizing challenge has been formulated as a

pricing optimization task in previous works [9], [10]. For instance, He et al. [11]
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minimized the travel time and maximized the toll revenue of highways simultaneously
by adjusting the toll rates.

Highway bridges are essential yet costly elements of highway networks. Related
research has been focused on their safety condition including damage detection [12],
upgrading assessment [ 13] and cost-optimized intervention planning (e.g. maintenance,
repair, rehabilitation and replacement) [14].

The reserve capacity of highway bridges usually exceeds the safety level
required in the design phase. Behaviour models are inherently safe due to high risks
and construction-stage uncertainties [15]. The amount of reserve capacity following
construction is unknown. To quantify it, the real condition of highway bridges in
operation needs to be adequately assessed.

Structural identification (SI) methodologies have the potential to provide
accurate assessments of the current condition of structures, including highway bridges,
through updating behavior models using measurements. For highway bridges,
measurements such as displacements, strains, mode shapes and natural frequencies are
acquired by static and dynamic testing. A significant amount of research has focused
on SI; see [16] and [17] for comprehensive literature reviews. Traditional SI
methodologies, such as residual minimization, involve determining a set of model-
parameter values that minimizes the discrepancy between model predictions and
measurements [18], [19]. Under the assumption of deterministic model-parameter
values, the accuracy of the solutions to this form of optimization is dependent upon the
presence of uncertainties, particularly systematic model uncertainties, arising from
sources such as model fidelity, boundary conditions, geometric discrepancy and safe

design assumptions.
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An alternative way to perform structural identification is through Bayesian
model updating [20]-[22]. In this methodology, both model parameters and errors
involved in prediction are considered to be random variables, thereby providing a
rational framework for dealing with uncertainties. However, the accuracy of Bayesian
model updating can be influenced by the forms of uncertainty distribution, bias and
correlations. With incomplete knowledge, the identified parameter values may be
unsafe. [15], [23]

Recently, Goulet and Smith [23] proposed a new method called error-domain
model falsification (EDMF) for situations where the dependencies between uncertainty
sources are not available. In this method, a set of plausible model instances defined by
parameter-value combinations are generated and their predictions are calculated. A
model instance is falsified if the difference between its predictions and measurements
lies outside of the region derived from combining modeling and measurement errors.
More recently, Pai et al. [24] showed that EDMF is compatible with a modified
formulation of Bayesian model updating. However, EDMF satisfies engineering
requirements better than standard Bayesian approaches [24].

In this paper, we propose a framework for maximizing the operating profit of
toll highways over a five-year period by adjusting the toll rates and taking the updated
safety condition of bridges into account. Specifically, given structural information from
measured data, EDMF is used to obtain the updated model instances that predict the
current reserve capacity of the bridge under study. Safety constraint is imposed as the
effects of traffic loading should not exceed the predicted reserve capacities. The
influence of introducing the safety constraint is investigated using an example involving

a highway bridge in Singapore. Using this example, the effect of the magnitude of the
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reserve capacity on the optimal profit is studied. Since the focus of this study is on
young bridges, major damage and maintenance costs are not included.

The rest of this paper is organized as follows. First, the background of EDMF
and the formulation of the profit-maximizing goal are presented in Section 2 and
Section 3 respectively. The formulation includes the safety constraint along with other
constraints. Section 4 further discusses the safety constraint in detail. An example is
studied in Section 5 to illustrate the implementation of this framework and to investigate
the influence of updating the bridge condition. Finally, the discussion of the results and

conclusions are presented in Section 6 and Section 7 respectively.

2. Background to the EDMF method

The central idea of EDMF is to falsify the model instances from a pool of plausible
models (instances of a model class) based on the discrepancy between predictions and
measurements. When uniform probability distributions are employed, the thresholds of
falsification can be determined without the consideration of error dependence between
sensor measurements.

Consider a model class g(0) that predicts a quantity of interest y (structural
responses such as deflection and strain for bridges), which involves a vector of n
parameters @ = [0, 0, ..., 0,]. If the true values of parameters 8* are known a priori,
the sum of the prediction of this model g( 8*) and the modeling error €,,,4.; €quals to
the true output Y. . Meanwhile, y;,. can be obtained as the sum of the
corresponding measurement y,,,.,s and measurement error €,,.,5. L herefore, given the
additive errors, the relationship between the prediction and measurement can be written

as
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g( 0*) + €model = Ytrue = Ymeas + €meas (la)

g( 0*) — Ymeas = Uc (lb)

Due to the unavailability of y;,,. and random nature of errors, the combined
error is treated as a random variable U, described by a probability density function
fu.(€). A model instance (i.e., a realization of @) will be falsified if the discrepancy
between its prediction and the corresponding measurement (the observed residual in the
left-hand side of Equation (1b)) is not within the threshold bounds derived from U, at
measurement locations. Fig. 1 shows the threshold bounds [T;in, Trnax] for a univariate
normal distributed error where T,,;, and T,,, are the lower and upper bounds
respectively. Similar to the concept of confidence interval, the threshold bounds
represent the narrowest interval in which the integral of f;_(€) is ¢, meaning that the
probability of wrongly discarding correct models is 1 — ¢.

Afu(.(f)

€=9 0) - Ymeas

Fig. 1: Threshold bounds in EDMF for the combined error U,
For multiple measurements, a model instance will be falsified when any of its
observed residuals g;( 0) — Ymeas,i (i € [1,2,:+,m]), where m represents the number
of measurements, lies outside the corresponding threshold bounds [Ty, i, Tinax i]- The

threshold bounds mark the narrowest interval in which the integral of f;;_.(€) is pvm.

The thresholds bounds can be given by
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Tmin,i = FJ:I. (% (1 - ¢1/m)> (221)

1
Tmax,i = Fl;;i (1 - E(l - ¢1/m)> (2b)

where F,jcli(-) is the inverse cumulative distribution function of U.;. The expression

¢/™ is used (rather than ¢) to ensure constant probabilities for varying numbers of
measurement locations. As m increases, ¢*/™ tends to 1.

In EDMF, detailed finite element models are built based on engineering
information (including design drawings and/or on-site inspection). Modeling and
measurement uncertainties are quantified using sensor specifications, modeling
knowledge of finite element method and engineering judgment. If all initial model
instances are falsified, the model class is rejected. This often originates from wrong
assumptions in the model class or uncertainty levels. Site inspection and new
measurements can be used to improve the model class. For details, readers can refer to
the framework proposed in [25].

The model falsification procedure is conservative in the sense that the
probability of wrongly discarding the correct model is no more than 1 — ¢. After model
updating, the updated model is described by a set of remaining model instances {8},
(i.e., candidate models (CMS)), which can predict more accurately the future

performance of the system under study.

3. Formulation of profit optimization

Consider a highway link consisting of one or more bridges. It is commonly the case that

toll rates are charged for a range of vehicle types. Also, the toll rates for multi-type
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vehicles affect the traffic composition greatly, which further influences the traffic load
acting on the bridges. In this paper, for a set of vehicle types K traveling on the
highway, a unique toll rate x; is charged for each vehicle type k € K. The toll rates
can be denoted by x = [x;]xex € R*! where |%| is the cardinality of set %C.

Assume that at year t, the condition of the bridges in the highway link is
assessed by conducting static and/or dynamic tests. The objective is to maximize the
operating profits in the following At years (typically At > 1, a At of five years is
assumed in this study) by adjusting toll rates x. It is assumed that it is a young bridge
that needs no major maintenance interventions. For the fixed capacity y of an existing
highway, the traffic volumes v = [vj]xex € R corresponding to the toll rates x can
be estimated based on the supply-demand equilibrium condition [26]. Both the toll rates
x and traffic volumes v are restricted to make sure that x is within the box bound
Xmin < X < Xpmar and the load does not exceed the capacity of the highway.
Furthermore, bridges in service may experience varying traffic loads depending on the
site-specific traffic volumes and the characteristics of heavy vehicles. After the bridge
condition assessment, the reserve capacity of the bridges is calculated to provide an
upper bound for the anticipated traffic loads. This optimization challenge is formulated
as

max P(x) = ztowt [zkexxk v () — M8y (t) — HSy(t) — OP| — CC

t=t0

sit. (@) X < X < Xpgr, X € R 3)

®) ) vy
(c) W(w)<RCap

In Equation (3), P(x) represents the total operating profit in the period At given

a specific toll rate scheme. It is assumed that the traffic flow is in a stationary state, i.e.,
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the traffic volumes v remain unchanged between two condition assessments at t, and
to + At. The routine maintenance costs and minor rehabilitation cost are denoted by M
and H, respectively. &), (t) and & (t) are indicator functions which are equal to one if
maintenance or rehabilitation is conducted at time ¢, otherwise they are zero. OP is the
operating cost during the time period studied. In the objective function, the last term
CC is the cost of the condition assessment, which is conducted only at time t,. Three
constraints of interest are summarized in Equation (3): (a) box bounds of x; (b) the
designed traffic volume should not exceed the highway capacity y which is determined
by the number of lanes in practice. The designed traffic volume is calculated by
multiplying the equivalent passenger car units (PCU) of vehicle type k (denote as ay,)
and the traffic volume of vehicle type k; and (c) safety constraint based on the updated
condition of bridges. Constraint (c) will be discussed in detail in Section 4.

For vehicle type k, its toll revenue xj - v, (x;) per time unit relies on the
interaction of the traffic supply and demand. The demand for highway transportation
represents the users’ willingness to pay for a trip. If the toll rate falls, the quantity of

the demand will increase. The toll-dependent traffic demand is expressed as

v = D (&g, uy) “

where D (+) denotes the demand function, which is given in terms of its parameters &,
and the total travel cost of a trip u;. For highway users, the total travel cost u; includes

two parts, i.e., the user time cost S5 t; (v ) and the toll rate x;:

e = Prti (Vi) + xi ®)

where t; (+) is the travel time function and £, is the users’ value of time which converts

the travel time into the monetary cost. Thus, let B(+) be the inverse function of D(*) or
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the benefit function, and the traffic demand v, can be derived based on the supply-

demand equilibrium:

X (Vi) = B(wk, §x) — Brtr (Vi) (6)

One of the most widely used link travel time estimator is the Bureau of Public
Roads (BPR) function [27]. It is proposed by the United States Federal Highway

Administration as follows:

t(w) = t°[1+nr(v/y)?] Q)

where t°is the free-flow travel time on the link; 7, and r, are the first and second BPR
function parameters, respectively (classically r; = 0.15 and r, = 4.0 [27]).

However, the standard BPR function does not account for heterogeneity in
traffic flows. Lu et al. [28] developed the microscopic traffic simulation based four-
step method to estimate the travel time functions of heterogeneous traffic flows on a
freeway. They considered three vehicle types: passenger car, light trucks, and heavy
trucks. The piecewise travel time functions for the three vehicle types are summarized
as follows:

For cars (k= 1),

1.55
tf [1 +0.29(1 + p3) ™2 (1 + pz)l"’s(z: Vi /)
tl _ keX

], p1 = 55%

1.12
£9 [1 + 0.57(2 Vi - 2w /y) ] py < 55% ®
keX

For light trucks (k = 2),

10
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2.07
td [1 +0.08(1 + px)*7(1 + p2)0'57(2 Vgt o/ Y) ] p1 = 55%
keX
tz =

1.84
9 [1 + 0.10(2 Vi - 2 /y) ] py < 55% ©)
keX

For heavy trucks (k= 3),

1.98
keX

t3:

1.78 (10)
£ [1 + 0.106(2 Ve - @) ] py < 55%
keEX

where p; is the proportion of vehicle type i.

The benefit function B(+) is commonly assumed to be a continuously decreasing
and differentiable function with a vector of deterministic parameters §. In this paper,
three forms of B(*), i.e., negative exponential, linear and polynomial, will be studied in
the example in Section 5.

It can be observed that Formulation (3) is a constrained nonlinear optimization
task, the objective of which is to set the optimal toll rate x (thereby controlling the
traffic volume) to maximize the operating profit through the period At. Since the toll
rate x; is given explicitly in terms of v, as indicated in Equation (6), it is more

convenient to set v as the design variable and rewrite Formulation (3) as

max P(v) =
v

to+At
Et:t [Zkeka - (B(vk) — Brtr(vi)) — M8y (¢) — H8y(¢) — OP| — CC
S.t. (@)  xXmin < B(wg) — Brte (i) < Xmax, Bk) — Brti(vy) € RI%I (1D

®) ) v sy
(c) W) <RCap

11
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4. Structural safety constraint with the updated bridge condition

In the optimization scheme, the structural safety condition is introduced as constraint
(¢) in Formulation (11). The right-hand side of constraint (c) is the reserve capacity
RCap calculated based on the updated structural condition, providing the upper bound
for the traffic loads in the safety constraint. The reserve capacity is defined as the ratio
of the traffic loads the bridge can take to the ones specified by the Eurocode. The actual
load factor W(v) is defined as the ratio of the maximum loads that a bridge will

encounter based on historical traffic records to the design loading.

4.1 Reserve capacity

Based on the updated model of a highway bridge, its current safety condition is
measured in terms of reserve capacity in this paper. Reserve capacity (beyond the
reserve provided by safety factors) exists in most civil infrastructure, as discussed in
[29]-[32].

During the engineering design of structures, the fundamental requirements are
to sustain all actions that are likely to occur and to remain fit for the required use for a
certain level of reliability during their intended life. Structures should satisfy two
principal criteria: the ultimate limit state (ULS) and the serviceability limit state (SLS).
While ULS describes situations (including fatigue) that may lead to the collapse of the
structure, SLS is concerned with its functioning, comfort and appearance. Consider a

limit state function h(8):

h(6)=R-S (12)

where R represents the capacity or resistance of a structure and S represents the effect

of actions. For a limit state, the failure event of the structure occurs when h(0) < 0. In

12
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order to sustain the structural reliability, the failure probability Pr(@) defined as

follows:

P:(8) = Prob(h(8) < 0) (13)

should not exceed the target failure probability [Pr]. The allowable failure probability
maps to the target reliability index [33], which may differ amongst different limit states.

The reserve capacity for SLS is determined in an iterative way as shown in Fig.
2. First, the design loads are applied to each candidate model to compute the effect of
loads S(0) (such as deflection or stress for bridges). Then the CMS failure probability
Pr is computed by adding the modelling uncertainty to the CMS prediction. If the
failure probability is smaller than [Pr], a load factor LF > 1 is iteratively applied to the
traffic loads, as described in Section 5.3. The iteration continues until the estimated Pg
equals [Pr] and the value of the load factor at the final iteration is denoted as LFs;.
Finally, the SLS reserve capacity is estimated as RCapg;s = LFs;s.

For ULS, the reserve capacity is quantified using the global resistance safety
factor [34]. The flowchart is shown in Fig. 3. The factor y; accounts for the uncertainty
caused by geometry, modelling and material variations. The random variation of
material properties is estimated using two non-linear simulations: the first adopting
mean values of material properties U; (6,,), the second including characteristic values
of material properties U;(0}). All vertical loads are increased by means of two load
factors LE,,, LF}, until failure is reached. This procedure (depicted in Fig. 3) allows the
computation of the global safety factor y,. Meanwhile, the model class including mean
values of material properties U, (8,,) is used to determine the load factor LFy;; ¢ which
is applied to the traffic loads in order to reach structural failure. The ULS reserve

capacity RCapy;s is then calculated as the ratio between LFy;; s and yz. More details

13
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are provided in Section 5.3.2. The overall reserve capacity for this bridge is taken as

RCap = min {RCapg;s, RCapy;s}.

EDMF

A 4

Candidate models (CMS)

A 4

—>| Effect of loads S(60)

A 4

LF X traffic loads | [ CMS probability of failure Pg

Increase the
load factor LF

by 0.01 NO

Maximum load factor LFs; ¢
RCapsys = LFsis

Fig. 2: Flowchart to determine the reserve capacity for serviceability limit state,

from [32]
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EDMF

l

Updated parameter values: 0,,, 0

A 4 A 4

Effect of loads U, (0,,), U; (0y) Effect of loads U, (0,,)

A 4
A

LF X all vertical loads LF X traffic loads

Failure?
Increase the
load factor LF
by 0.01

Increase the
load factor LF
by 0.01

Maximum load factor LF,,, LF} YES
Compute material uncertainty vy, q;

Geometrical uncertainty vge,
Modeling uncertainty v,,,q4

>
>

A A 4

Compute the global safety factor yz Maximum load factor LFy; ¢

Y

RCapyrs = LFyrs/Vr, ---

Fig. 3: Flowchart to determine the reserve capacity for ultimate limit state,

adapted from [32]

4.2 Traffic loads on bridges

For an existing highway bridge, the load factor W is usually determined by the
extreme loads that the bridge will experience in the traffic environment during its
remaining service life. Traffic loads are related to factors such as gross vehicle weights,
vehicle class (usually defined by the number of axles), and axle configurations for the
heavy vehicles. In practice, traffic loading maybe estimated from measured traffic data.

From a probabilistic viewpoint, if there is, for example, either an above-average
traffic volume or the area has a high proportion of heavy vehicles, then there is a greater
probability that the maximum loading increases, and the design loading is exceeded.

When there is a low traffic volume or heavy vehicle proportion, the probability that the

15
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design loading is exceeded is lower than for average traffic volume or average heavy
vehicle proportion [35].

The factors influencing the value of W vary with specific sites, traffic
environment and bridge types. Leahy et al. [36] investigated the effects of traffic growth
(traffic volume and vehicle weight) on characteristic bridge load and they inferred that
the growth significantly affected the load effects. Specifically, 1% annual growth in
flow caused an average 6% increase in load effects and 1% annual growth in truck
weight caused an 43% increase in load effects.

OBrien et al. [37] investigated the effects of four traffic volume growth (1%,
2%, 3%, and 4.1% annual growth) on bridges with varies lengths (15m, 20m, 25m, and
30m). The authors inferred that the growth of traffic volume generates an increase in
characteristic maximum load effects and the load effects increase with the growth rates.

Furthermore, similar findings regarding the growth of the traffic volume and the
truck weight are obtained in [38]. Besides, Yu et al. [38] also considered the effects of
the growth of the proportion of heavy trucks. It is found that the proportion of heavy
trucks have similar effects on the growth of traffic volume on the predicted load effects.
The growth of the proportion of heavy trucks leads to an increase of 3% to 25% in the
maximum lifetime traffic load effects.

Kim et al. [35] analyzed the annual extreme load effect according to various
traffic environment for both pre-stressed concrete and steel box girder bridges in Korea.
The results showed that for the environments and bridge types that were studied, the
annual extreme loading tends to increase in proportion to the average daily traffic
volume and heavy vehicle proportion.

Overall, the growth of the traffic volume, the proportion of heavy vehicles and

the truck weight are considered as three key factors that influence the value of W.
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Among them, the change of truck weight is unlikely to occur within a short term without
significant changes in legislation for allowable weight limits. Thus only traffic volume

and heavy-vehicle proportions are considered in this paper.

5. Case study

5.1 Description

In this section, a highway (in operation) in Singapore was investigated. This example
was calibrated to be representative for toll highways that was built in the last 20 years.
The operating time per day was assumed to be 12 hours instead of 24 hours to guarantee
that the total revenue in this case study was more realistic. This is because in the case
study, we did not consider the change of toll rates with seasons and peak hours.
Furthermore, the design traffic volume was usually larger than the real volume. The
capacity of this highway was 2200 Passenger Car Unit (PCU) per hour.

The highway length was assumed to be 100 km with two lanes throughout and
15 bridges along this highway. Normally, highways tolls were charged per km. Since
there was no bypass along this highway, the toll rate was presented as the total charge
of 100 km. The condition assessment of bridges was carried out every five years
(At =5) and it costed $0.2M per assessment per bridge. The operating cost was $0.05M
per km per year. It was assumed that the routine maintenance was carried out every
year, and each time the cost was $0.15M per km. The cost of pavement rehabilitation
was assumed to be $20M for this highway. In reality, the operating cost and
maintenance cost may vary over years due to the variation in labor cost and the aging
of structures. In this case study, we assumed that costs are fixed during 5 years.

For illustration purpose, it was assumed that among 15 bridges, Bridge A was

taken to be the most critical bridge with respect to reserve capacity. Also, it was

17



337  assumed that if all reserve capacity was used, no other bridge became critical. The
338  structural identification and reserve capacity of Bridge A have been investigated in

339  detail in Section 5.2 and 5.3.
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340

BOTTOM VIEW
P2 P3 P4
S5 S6 S7 S8
P
sS4 S3 S2 S1
@ Vertical accelerometers B Deflection prisms
\» Horizontal accelerometers .
Y Inclinometers ’ SRS
342
343 (b)
344 Fig. 4: (a): Photograph of the static test performed on Bridge A;
345 (b): Sensor configuration and truck configuration in the static test: top view and bottom view
346
347 Bridge A is a one-span pre-stressed reinforced concrete bridge of 32m length

348  and 16m width (shown in Fig. 4(a)). The superstructure consists of four precast beams

19



349  and a concrete deck. Both static and dynamic tests have been carried out for structural
350  identification.

351 In the static tests, six trucks of approximately 32t each were loaded on the
352  bridge. Four deflections (P1~P4), two inclinations (I1~I2) and eight strains (S1~S8)
353  were measured at fourteen locations. The configurations of trucks and sensors are
354  shown in Fig. 4(b). In the dynamic tests, ten accelerometers (A1~A3, B1~B3, C1~C4)
355  (shown in Fig. 4(b)) were installed along the bridge to capture the natural frequencies
356  and mode shapes. Both free-vibration data and ambient vibration data were used to
357  identify the modal properties of the bridge. According to modal analysis, two bending

358  modes, one torsional mode and one lateral bending mode were obtained (shown in Fig.

359 5).

Mode 1: 4 Hz Mode 2: 6.1 Hz Mode 3: 10.1 Hz Mode 4: 14.7 Hz

. \\\\
\

360 15t vertical bending Torsional Lateral bending 2nd yertical bending
361 Fig. 5: The natural frequencies and mode shapes that are identified
362
363 As shown in Fig. 4(b), all dynamic sensors were installed along the two sides

364  of the bridge. Since there was no accelerometer at mid-span, the mode shape obtained
365  for Mode 3 is similar to the mode shape for Mode 1. Using the knowledge of dynamic
366  mechanical properties of the simply supported beam, Mode 3 is identified as a lateral

367  bending mode.

368 5.2 Structural identification

369 Parameter values that are identified include the Young’s modulus of concrete

370  (E), the density of the bridge (D), the logarithm of the bending stiffness of bearings
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(LogB) and the logarithm of the vertical stiffness of bearings (LogV). These parameters
are defined based on the sensitivity analysis and their initial ranges are defined using
engineering judgment [39]. Measurement and modeling uncertainties are fixed based
on work by Cao et al. [39]. To obtain a sufficient size of model instances, surrogate
models are fitted using Gaussian processes [40]. A total number of 50* = 6,250,000
samples are generated by grid sampling (50 discrete values for each parameter).
Adopting the framework of system identification using both static and dynamic
measurements, six abnormal strain measurements are removed from the measurement
set [39]. Fig. 6 shows the final results of the identification. A total number of 1,119

candidate model instances are obtained.

Probability Probability Probability Probability
0.12 0.12 0.12 0.12
0.10 0.10 0.10 0.10
0.08 0.08 0.08 0.08
0.04 0.04 0.04 0.04
0 0 0 0
27,633 31,673 12.18 13.00 8.49 8.92 1,800
E (Mpa) LogB (Nmm/rad) LogV (N/mm)

D (kg/m?)

Fig. 6: Histogram of structural identification using EDMF

5.3 Estimation of reserve capacity

Truck traffic is categorized into two types of trucks: standard trucks and permit trucks.
Permit trucks exceed the normal allowable weight and are calculated separately [41].
In Eurocode specifications of traffic load, Load Model 1 is used for standard trucks and
Load Model 3 is used for permit trucks. Load Model 1 is intended to cover flowing,
congested or traffic jam situations with a high proportion of heavy lorries. In this paper,

Load Model 1 was investigated as the possibility of exploring operating profits was
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investigated within the permit weight limit given in the Eurocode.

5.3.1 Serviceability limit state

For the serviceability limit state, crack control is found to be critical in this case study.
As it is a prestressed bridge and according to its exposure class, crack control requires
that no tensile stress occurs in the concrete around the bonded tendons. As a result, the
serviceability limit state is defined as when the compressive normal stress of concrete
reaches zero. Loads include permanent action, the prestressing force imposed on the
bridge, traffic loads and these three are combined under the frequent load combination
in Eurocode [42].

First, the predictions of candidate model instances are calculated with the traffic
loads specified in the Singapore code using safety factor LF=1.0 for serviceability. In
this paper, the modeling uncertainty sources of stress include model simplification and
numerical errors in FE methods (e.g. mesh refinement), see Table 1 and Proverbio et
al. [32] for more information. In the second step, modeling uncertainties of stress are
added into the CMS stress predictions using the Monte Carlo method [32]. The methods
for adding modeling uncertainties to predictions vary with applications. For example,
in the online force identification problem, Lai et al. [43] derived a new normalized
standard deviation of the input identification error to interpret the accuracy of the
sequential deconvolution input reconstruction method. Then, the load factor is
increased in steps until the probability of failure Pr meets the standard value of failure
probability for SLS ([Pr] = 0.1 for a 50-year period [33]). The increment step of LF is

0.01 which is set as 10% of [Pg].
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413 Table 1: Modelling uncertainty sources of stress

414
Uncertainty source Stress
Min Max
Model simplification and FE method (%) -5 13
Mesh refinement -1 1
Additional uncertainty -1 1
415
416 Finally, the deflection and stresses are checked to see if they satisfy the

417  requirements of the code. As shown in Fig. 7, when LFg; = 1.72, the failure probability

418  Pp reaches the limit state condition RCapg; s =1.72.

LF=1.72 Limit-state
condition
>
=
E
: ————————>
B~ -
5 4 -3 ) 1 0 1
Stress (Mpa)
419
420 Fig. 7: CMS stress-prediction distribution (SLS)

421 5.3.2 Ultimate limit state

422  Statistical studies indicate that the probability distribution of resistance of reinforced
423 concrete members can be described by a two-parameter lognormal distribution with the
424  lower bound at the origin [34]. These two parameters are LF,,-mean resistance and vg-
425  coefficient of variation of resistance.

426 The global resistance factor Yy is determined from

Yr = exp (ag B - vg) (14)
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where a is a sensitivity (weighting) factor for the reliability of resistance, f§ is a
reliability index and vy is the combined coefficient of variation due to modeling,

geometrical and material uncertainties, denoted as Vo4, Vgeo and Vg, respectively.

The estimation of vy is a challenging task. Since it influences the value of
reserve capacity significantly, cases under various assumptions are investigated. In
Case I, only material uncertainty is considered. i.e. Vg = V4t

Vmae 18 determined from

LE,
‘In [

1
Vmar = Tg5 MR (15

where LE,, /LF}, is the resistance value calculated using the mean/ characteristic values
of material parameters [34]. These load factors are applied to the global vertical load of
structure (i.e., the sum of permanent and variable loads) [33].

The design resistance is calculated from

LFy;s

RcapULS = (16)

R

where LFy;; s is applied only to traffic loads and is calculated using the mean values of
material parameters.

In Case II, all three uncertainties are considered. v,,,; is calculated from
Equation (16). V04 and v, are set to be 0.05, following the assumptions in [44].
These coefficients of variation are assumed as the basis for the partial factors given in
EN 1992-1-1 (European Concrete Platform ASBL, 2008) [44]. The combined

coefficient of variation vy is calculated as suggested in [44].
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Vg = \/vrznat + V2 0a V0 (17)

In Case 111, the ECOV (estimation coefficient of variation) approach is adopted.
In calculating v, , the effects of modeling and geometrical uncertainty are not
considered. The modeling uncertainty is included in the calculation of design

resistance:

LFy.s

RCapULS = (18)

YR " VRa

where Y4 1s the model uncertainty factor; for well validated numerical models it is
proposed as ygq =1.06.

When bridges approach their ultimate limit states, boundary conditions are no
longer the same as the ones in the load tests. For example, no pin-support rigidity can
be assumed. Young’s modulus of concrete, which is identified in the elastic domain,
contributes marginally to the ultimate limit state. Among all identified parameters, the
density of the concrete affects the results by influencing the value for the dead load
applied on the bridge. The density ranges are 1800 to 2020 kg/m?.

A 2D nonlinear model is built using the software JCONC [45]. With the increase
of the load, the tendons gradually yield (dark red areas) and the compressive stress in
the concrete deck gradually reaches the maximum compressive stress (black mesh
elements). The criteria are met when LE, = 1.38, LF, = 1.30, LF;s = 1.66

respectively.
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Fig. 8: 2D non-linear finite-element analysis when LF;; ¢ =1.66, performed using JCONC.

The results of the three cases are shown in Table 2. Case II gives the lowest
value of reserve capacity while Case I provides the largest value which is 15% and 6%

larger than the assessment in Case II and Case III, respectively.

Table 2: Comparison of RCapy; s using three assumptions

Case 1 Case 11 Case 111
Vmat Yr RCapy,s Yr RCapy,s YR " VYRa RCapy,s
0.036 1.116 1.49 1.273 1.30 1.183 1.40

5.4 Maximum operating profit

As mentioned in Section 4.2, W is assumed solely dependent on the traffic volume and

the proportion of heavy vehicles [35]-[38]. For illustration, a linear relation is assumed:

Ww)=c —Zkex;k il + c,pp, + const (19)
where ¢; and ¢, are coefficients that determine the weightings of traffic volume and
heavy-vehicle proportion respectively; total traffic volume Y. eq Uy * @ (passenger car
unit (PCU)) is normalized by the traffic capacity y (PCU) of the highway; p;, is the
proportion of heavy vehicles in the traffic flow.

Situations where the extreme loading cannot be calculated in this manner are

e.g., the local authority agrees to increase the allowable weight limit or new permissions
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for special vehicles. In this study, it is assumed that such situations are not present and
conditions where W depends on traffic volume and heavy-vehicle proportion prevail.

In practical applications the accuracy of this relationship should be verified by traffic

load data.

5.4.1 Scenario I: Homogeneous traffic

In this scenario, the vehicle traffic is assumed to be homogeneous without
distinguishing trucks from cars. The classic BRT function (Equation (7)) is adopted to
estimate the travel time. Three typical benefit functions (shown in Table 3) [46] are
compared. The corresponding relations of the traffic volume and toll rate for different

benefit functions are plotted in Fig. 9. The box bound of the toll rate is [$1, $20]; The

structural safety constraint in this example is assumed as follows:

Vi, "
W) = 3%+ 0.3 < Lyyay

Table 3: Three types of benefit functions

Type Equation Parameter values
(I) Negative exponential B(v) = (—1/b,.)In (v/q2,) b,, = 0.15, g2, = 30000
(II) Linear B(w) =b¥§ —nv b;&, = 30, n, = 0.005
(I1T) Polynomial B(v) = 0.0158,"% — 0.0002v"* £, = 1300
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Fig. 9: The relationship between toll rate and traffic volume for three benefit functions

The optimization challenge is a traditional nonlinear optimization task; in this
paper, we use the optimization toolbox in Matlab®. According to the calculation in
Section 5.3, the reserve capacity of the bridge under study can be 1.30, 1.40 and 1.49
for various uncertainty assumptions. For each possible reserve capacity, the optimal
operating profits and corresponding toll rates are reported in Table 4. Comparing to the
case without reserve capacity (=1.0), , when reserve capacity is equal to 1.30, the
optimal profit can be increased by 18.2%, 37.0% and 40.5% for negative exponential,
linear and polynomial function respectively. The corresponding toll rates are decreased
by 19.8%, 8.9% and 7.7%. When reserve capacity changes from 1.30 (the lowest
estimation) to 1.49 (the largest estimation), the optimal profit increases 5%, 13.2% and
14.9% for negative exponential, linear and polynomial function respectively. The

corresponding toll rates decrease by 12.4%, 6.2% and 5.6%.
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Table 4: Optimal operating profit for various reserve capacities in Scenario I

Benefit function

(I) Negative exponential (II) Linear (I1II) Polynomial
Reserve
. . Toll . Toll . Toll
capacity Operating profit Operating profit Operating profit
(peryean) MS) ¥ (peryean (MS) TS (peryean (M$)
®) ®) $)
1.0 22.0 12.1 22.7 12.4 21.0 11.7
1.30 26.0 9.7 31.1 11.3 29.5 10.8
1.40 26.8 9.1 334 10.9 31.9 10.5
1.49 273 8.5 35.2 10.6 33.9 10.2

45 T

—6— Negative exponential
— — Linear
Polynomial —

_——— e ————————

Profit (Million) ($)

20 I I I
1 15 2 25 3

Reserve capacity

Fig. 10: Optimal operating profit over reserve capacity in Scenario I

To further investigate the influence of reserve capacity on the optimal profit,
hypothetical reserve capacities ranging from 1 to 3 are studied (shown in Fig. 10). The
linear benefit function results in the highest profit followed by the negative exponential
and polynomial benefit function before the reserve capacity is larger than 1.1. After it
reaches 1.1, the polynomial benefit function surpasses the negative exponential benefit
function and obtains the second highest profit. The optimal operating profit peaks when
the reserve capacity is 2.2 (polynomial benefit function), 2.2 (linear benefit function)
and 1.8 (negative exponential benefit function). Ideally, if there is enough reserve

capacity, the optimal profit is 94% (polynomial benefit function), 84% (linear benefit
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function) and 27% (negative exponential benefit function) larger than the one when
there is no reserve capacity.

It can be inferred from the results that for all three benefit functions, the optimal
operating profit increases with the reserve capacity until the latter exceeds a certain
value. When the profit reaches a peak, the corresponding reserve capacity varies
according to different benefit functions. After reaching the peak, the profit remains
constant and does not change further with reserve capacity. As illustrated in the
previous section, the reserve capacity demonstrates the additional loads that an existing
bridge can take compared with the design traffic loads. The additional loads transform
into larger traffic demand (toll-dependent, see Equation (4)) when the reserve capacity

is introduced in the optimization scheme, leading to a higher profit.

T
—6— Negative exponential
14 -|— — Linear

Polynomial

Toll rate ($)

1 1.5 2 25 3
Reserve capacity

Fig. 11: Optimal operating profit over toll rate in Scenario I

The relation between the toll rate and reserve capacity is illustrated in Fig. 11.
With the increase of reserve capacity, the toll rate decreases. The decreasing trend stops
when the reserve capacity reaches a certain value. This is consistent with the

performance of the optimal profit in Fig. 10. After the reserve capacity reaches 1.1, the
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order of toll rates changes from Xy inear > Xng > Xpoty 10 Xpinear > Xpo1y > Xyg- At
the final stage, the toll rate decreases by 33% (polynomial benefit function), 36% (linear
benefit function) and 41% (negative exponential benefit function) when compared with
the one when there is no reserve capacity.

It can be inferred that by introducing reserve capacity as a safety constraint, the
optimal toll rate decreases considerably which is beneficial to the highway users. With
consideration of reserve capacity, the highway is able to take on larger traffic volume
and heavier vehicles without compromising safety. As a result, the private firm is able

to achieve optimal profit through lower prices with greater traffic volume.

5.4.2 Scenario II: Heterogeneous traffic

Vehicles on the highway can be classified into three vehicle types: passenger cars, light
trucks (2 axles) and heavy trucks (5-axle semi-trailers) [47]. In this case, the travel time
functions (Equation (8-10)) are adopted. The parameters of these functions are
summarized in Table 5. The box bounds of toll rates are [$1, $40]. The structural safety

constraint used in this example is assumed as follows:

W) =3 M + py+0.3 21)
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Table 5: Prespecified parameters of the travel time function and the benefit function for three

types of vehicles

Passenger car Light truck Heavy truck
Parameter
(k=1 (k=2) (k=3)

Passenger car unit a;, 1 1.5 2.5
Value of time B} ($/h) * 15 27.5 50
Free flow travel time ¢t (hour) 0.4 0.5 0.55

b;§; 30 45 60
Linear benefit function

M 0.005

Polynomial benefit function &p 1300 2300 3000

Note: * Vehicle parameters referenced from [47].

The results of the optimal profit and toll rates are shown in Table 6. For the
lowest estimate (reserve capacity is equal to 1.30), the optimal profit increases from
43.1 MS$ to 61.5 M$ under linear and from 49.1MS$ to 71.2M$ polynomial functions
compared with no reserve capacity. When reserve capacity is 1.49 (the highest
estimation), the profit increases by 18.2% and 19.1% under linear and polynomial

functions compared with the estimation of 1.30.

Table 6: Optimal operating profit for various reserve capacities in Scenario 11

Benefit function
Reserve (D Linear (IT) Polynomial
capacity
Operating Operating profit
profit (per year) Toll rate ($) (per year) (M$) toll rate ($)
(M$)
x,=21.8 x=21.2
1.0 43.1 x,=30.7 49.1 x,=36.3
x3=32.3 x3=39.4
x=21.2 x;=20.9
1.30 61.5 x,=30.1 71.2 x,=35.7
x3=32.1 x3=39.2
x,=21.0 x;=20.8
1.40 67.5 x,=30.1 78.4 x,=35.5
x3=32.0 x3=39.2
x,=20.8 x;=20.6
1.49 72.7 x,=29.8 84.8 x,=35.3
x3=31.9 x3=39.0
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Fig. 12: Optimal operating profit over toll rate in Scenario II

For heterogeneous traffic, we investigate the optimal operating profit under
reserve capacity ranging from 1 to 5. Fig. 12 and Fig. 13 show the projected optimal
operating profits and toll rates at different levels of reserve capacity.

The same trend is observed in Scenario II. The optimal profit increases with
reserve capacity until it reaches its maximum when reserve capacity is equal to 3.3 for
both the polynomial benefit function and the linear benefit function. In this case study,
the profit using the polynomial benefit function is always larger than the profit using

the one with linear benefit function.
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Fig. 13: The relation between reserve capacity and toll rates in Scenario II:

(a): linear benefit function; (b): polynomial benefit function

As shown in Fig. 13, for both benefit functions, the optimal toll rate of the heavy
truck is always the highest, followed by the light truck and passenger car. With enough
reserve capacity, the optimal toll rates are decreased by 16% (passenger car), 13% (light
truck) and 7% (heavy truck) for linear benefit function, 22% (passenger car), 19% (light
truck) and 8% (heavy truck) for the polynomial benefit function comparing to the case
where there is no reserve capacity.

To summarize, in both Scenario I and Scenario II, the optimal operating profit
increases with reserve capacity until reserve capacity reaches a certain value (as shown
in Fig. 10 and Fig. 12). Due to the consideration of three vehicle types, private firms
manage to achieve the optimal profit not only by decreasing the toll rates (to obtain

larger traffic demand) but also by increasing the ratio of heavy vehicles.

6. Discussion and limitations

In this study, we propose a framework for maximizing the operating profit of toll
highways by adjusting toll rates in order to account for updated safety condition

assessments of young bridges. The toll rates represent the total charge of the whole
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highway. They are generally higher than the ones in reality since only private profit in
the operating period is considered in this paper. For a complete design and evaluation
of road pricing, the optimal BOT contract is usually a trade-off between private profit
and social welfare. In this paper, three simplified benefit functions [46] are studied to
demonstrate the impact of bridge capacity on highway profits. Nevertheless, in real
applications, the benefit function is determined by many country/region specific
factors, including the network of highways, the presence of a detour option, traffic
congestion and the local economy.

For old bridges, the profit calculation will be more complicated due to the
complexity of maintenance and rehabilitation. Besides, the condition assessments
before and after the maintenance and rehabilitation are accordingly more complicated
with special emphasis on the structural behaviour of the damaged area.

As discussed in Section 5.4, it is assumed that good estimates of extreme loading
are dependent on traffic volume and heavy vehicle proportion. When such a
dependency is not present through the research in the local traffic environment, the

proposals in this paper are not appropriate.

7. Conclusions

This study focuses on the effects of bridge reserve capacity on the optimal operating
profit of highway projects. It is motivated by two factors (i) bridges are usually
subjected to critical loading constraints in highway projects, and (ii) quantitative
estimates of reserve capacity can be conducted through structural system identification.

The specific conclusions are as follows:

e The proposed framework allows a quantification of the impact of reserve

capacity on the optimal operating profit of toll highways by adjusting toll rates
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while taking into account the updated safety condition of highway bridges as a
constraint of the optimization problem. In the case study, at least 18.2%
additional profit could be achieved by considering the most conservative reserve
capacity with the most conservative benefit function compared with the case
without consideration of reserve capacity in the optimization.

e The optimal operating profit of highways increases with the reserve capacity of
bridges until the loading constraint is no longer critical. This applies
consistently to both homogeneous and heterogeneous traffic and for each one
of the benefit functions considered (polynomial, linear and negative exponential
function).

¢ Introducing reserve capacity as a constraint in the operating profit scheme gives
an explicit interpretation of the value of structural identification and at the same
time provides more flexibility to decision makers. Use of reserve capacity is
promising to narrow the gap between the increasing demand and insufficient
supply of infrastructure in many countries. Furthermore, the potential of
improved economic returns is expected to encourage private firms to invest

more in quantitative condition assessments of critical civil infrastructure.
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